Introduction
Lung adenocarcinoma (LAC) is the main histological type of non-small cell lung carcinoma (NSCLC), making up 40% of lung cancer patients. There is a growing concern about the increasing number of the non-smoking LAC in the past decade. Previous evidence shows that the non-smoking LAC patients are more likely to be young, women, and carrying epidermal growth factor receptor mutations, which are different from smoking LAC patients. 1, 2 In addition, etiology and biological behaviors of non-smoking LAC are remarkably different from smoking LAC, which make them different in therapeutic responses and prognosis. 3, 4 Reliable signatures can accurately estimate the prognosis of disease and have tremendous significance in therapeutic management. Increasing number of studies are proposing gene expression-based signatures for survival stratification of NSCLC patients. 5 However, predictive signatures for non-smoking LAC have not been well addressed. Therefore, promising prognostic signatures for the non-smoking LAC are needed to stratify patients and predict the outcomes. Weighted gene co-expression network analysis (WGCNA) is a feasible approach, which handles multi-dimensional expression data to construct sub-network atlas related to clinical features. Clarke et al reported a large-scale coexpression analysis in breast cancer from 13 microarrays. 6 Sun et al identified several hub genes related to the stage and grade of ovarian cancer. 7 Another study uncovered biomarkers for the prognosis of stage II and III colon cancer by the network-based approach. 8 These studies reinforced the effect of WGCNA as a method for discovering useful and reliable cancer biomarkers.
In this study, we developed a prognostic signature to predict the survival of non-smoking LAC patients by WGCNA, which could help better understand the potential mechanisms and aid in optimizing treatment.
Materials and methods

Microarray analysis
The expression profiles of LAC were retrieved from the Gene Expression Omnibus (GEO) data repository (http:// www.ncbi.nlm.nih.gov/geo/) and The Cancer Genome Atlas (TCGA). The datasets that contained non-smoking status and normal tissues were included into subsequent analysis. To avoid bias, we only included datasets with large sample sizes. Gene expression profile was assessed by the HG-U133A microarrays from Affymetrix Human Genome. The background correction was performed by robust multi-array (RMA) method to remove the noise signals. Quantile standard method was used to normalize the data. Gene annotation was conducted using the Bioconductor annotation package hgu133plus2.db. These steps were performed using the R package "affy". 9 The mean expression was calculated as the final expression of genes measured by multiple probes. Differential expression analysis of the microarray was conducted by the R package "limma" and "EdgeR". 10, 11 The batch effects between different datasets were adjusted by R package "limma". The threshold of different expression genes (DEGs) were defined as fold change (FC) over 2 with adjusted P-value <0.05. The R packages of "pHeatmap" was used for data visualization. 12 gene Ontology (gO) biological process analysis and string network
The clusterProfiler package was used to perform the GO functional enrichment analysis among the DEGs. 13 The significance of each GO term was defined by the P<0.05. The top 10 GO terms with the least P-value were listed. The active interaction sources contained experiments, databases and coexpression. The minimum interaction scores were defined as 0.4. The cytoscape software (http://www.cytoscape.org/) was used to visualize the co-expression network. 14 
WgCna analysis
The R package "WGCNA" was used to cluster the gene co-expression network. 15 In case of outlier effects, preprocessing step was performed before the WGCNA analysis. Based on the expression matrix, the clustering analysis was performed to identify abnormal samples, which might bring bias to subsequent analysis. A soft thresholding power of 7 with a scale-free model fitting index R2>0.9 was applied to maximize scale-free topology, maintaining a high mean number of connections and eliminating small correlations. In WGCNA, a neighborhood proximity measurement was defined as topological overlap matrix (TOM), which quantified the degree of shared network neighbors. One-step network was constructed with the following parameters: maxBlockSize=10,000, minModuleSize=30, deepSplit=4. Then, a hierarchical clustering dendrogram was plotted with identified modules. Modules were defined as clusters of interconnected genes. The module eigengene (ME) was defined as the first principal component of a given module, which was considered a representative of the gene expression profiling. MEs were calculated to evaluate the correlation between the modules and the clinical traits (non-smoking status). Associations can then be determined on the basis of MEs. Sum of correlation coefficients with other nodes in a "signed" TOM defined the connectivity of one node. Hub genes were loosely identified as those with high network connectivity. Unweighted node connectivity information was used to identify hub genes within the 2 modules. The top strongest connections within the significant modules were identified to show the distribution of hub genes. We defined the significant hub genes as the top 25 genes ranked by gene significance (GS) in each module.
statistical analysis
The prognostic signature was estimated in the training cohort by using penalized lasso Cox proportional hazards regression (R package "Glmnet"). The optimal lambda value was defined by 10-fold cross-validation. The number of candidate genes and corresponding coefficients were calculated by the optimal lambda value. The predictive ability was evaluated by the time-dependent receiver operating characteristic (ROC) 
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a prognostic signature for non-smoking lung adenocarcinoma curve (R package "survivalROC"). This signature was carried over the testing datasets to validate the predictive ability. Coefficients were not re-estimated in testing dataset.
Results
selecting Degs in discovering datasets
Comprehensive search was conducted in GEO for RNA sequencing data and microarray expression profiles with LAC tissue samples. Datasets without non-smoking clinical records were excluded. To avoid bias, we excluded datasets with small sample sizes. The final accession numbers of datasets were GSE10072, 16 GSE31210, 17 GSE40419, 18 GSE68465, 19 and GSE50081. 20 One of them was RNA sequencing data and the others were microarray profiles. In addition, 214 LAC patients from TCGA met the inclusion criteria and were included. The baseline information of these datasets are listed in Table  S1 . We assigned GSE10072, GSE31210, GSE40419, and GSE68465 datasets into the discovering group. The patients from TCGA were treated as training group to build prognostic signature. GSE50081 and GSE31210 were identified as 2 external testing groups for validation ( Figure S1 ). Different expression analysis of these datasets in discovery group revealed that 180 genes were down-regulated and 318 genes were up-regulated in GSE10072, 348 genes were down-regulated and 248 genes were up-regulated in GSE31210, 1,620 genes were down-regulated and 1,238 genes were up-regulated in GSE40419, and 660 genes were down-regulated and 803 genes were up-regulated in GSE68465 (FC>2, P<0.05). Different expression genes plotted are shown in Figure S2 .
Constructing gene co-expression networks
To construct gene co-expression modules, DEGs of each dataset were submitted to WGCNA. DEGs were assigned to different co-expression networks by cluster dendrogram trees ( Figure 1A ). Unassigned genes were categorized into gray module. Different numbers of the co-expression modules were obtained from the different datasets, ranging from 4 to 10. The relationships between the clinical records with the co-expression networks are presented in Figure 1C . We found that the blue and turquoise modules were 2 significant networks related to non-smoking status across 4 datasets ( Table 1 ). In addition, 2 networks showed an opposite correlation with non-smoking status ( Figure 1D ). TOM was visualized by heat map, which could depict adjacencies or topological overlaps. The topological overlap of two nodes reflected their similarity in terms of commonality of the nodes they connected to ( Figure 1B ).
gene Ontology (gO) analysis of significant modules GO enrichment analysis was conducted to identify the potential mechanisms of the significant modules. Based on the GO biological process, we observed that different expression genes of the blue module were mainly enriched in the nuclear division and cell cycle pathways (Figure 2A ). For the turquoise modules, genes were engaged in the lymphocyte activation and cell adhesion pathways ( Figure 2B ). There were 131 genes in the blue modules from 4 datasets. In addition, a total of 352 genes were assigned in the turquoise modules across 4 datasets. String analysis plotted the inter-connection of different expression genes in 2 modules by the co-expression networks ( Figure 2C, D) . It could be seen that BUB1B, CCNB2, and TPX2 exhibited high connectivity with neighboring genes in the blue module. VWF, END1, and THBS2 were highly connecting hub nodes in the turquoise network. The size of nodes represented the degree of the correlation with the non-smoking status. The width of the lines was based on the co-expression value of 2 nodes. The hub genes were selected from the top 25 genes of each dataset based on the GS. Several genes were overlapped in the 4 datasets ( Table 2) .
Building prognostic signature
After combining the genes from 2 networks related to the non-smoking status, 234 overlapped genes were identified, including 58 genes selected simultaneously from 4 datasets. We clustered the expression of 17 candidate genes in the training cohort ( Figure 3A ). To build an efficient prognostic model, the penalized Cox regression model was used to narrow down the candidate genes and calculate the coefficients ( Figure 3B ). Finally, the prognostic signature was built by 17 genes at the optimal λ value (Risk score=0.016*ADAM1 2+0.001*ASPN+0.068*COL1A2−0.016*DNALI1−0.09*FC GBP+0.007*FNDC1 +0.03*FOSL1 + 0.069*FSCN1−0.107 *GDF15−0.041*HLF +0.088*IGF2BP3+0.002*LRCH2 + 0.027*S100A8+0.087*SCD−0.027*SFTPB +0.043*ST6GA LNAC5−0.014*UNC5CL). The performance of the signature was tested by time-dependent ROC curve. The area under the curve (AUC) of the training dataset was 0.736 ( Figure 4A ). X-tile was used to find out the optimal cut-off value of risk score for the training dataset. Patients with a risk score more than 0.204 were assigned to the high-risk subgroup and the rest of the patients were included into low-risk subgroup ( Figure 4C ). Log-ranked survival analysis showed that the high-risk subgroup had a poorer prognosis than the low-risk subgroup ( 
P<0.001).
Multi-variable Cox analysis revealed that the risk score was an independent risk factor for survival of nonsmoking LAC ( Figure 4B ).
Testing the prognostic signature GSE50081 and GSE31210 were adopted to test performance of the prognostic signature to avoid over-fitting. Eighty cases were selected from GSE50081 dataset and 105 patients were included from GSE31210 with non-smoking LAC and survival records. ROC curve showed a good predictive ability of GSE50081 and a moderate predictive ability of GSE31210 (GSE50081: AUC =0.818, GSE31210: AUC =0.662). The prognostic signature could discriminate the high-risk subgroup from the low-risk subgroup in 2 testing datasets by survival analysis (GSE50081:HR =2.9, 95% CI: 1.322-6.789, P=0.006; GSE31210: HR =2.78, 95% CI: 1.658-6.654, P=0.022) (Figure 4D, E) .
Discussion
The rapid increase in the number of non-smoking LAC makes it a novel hotspot of lung cancer prevention. 21 Current evidence indicates that non-smoking LAC carries more characterized driver genes and somatic mutations, which results in clinical disparities between the non-smoking LAC and the smoking LAC. 22, 23 In addition, the differences of the 
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a prognostic signature for non-smoking lung adenocarcinoma demographics and survival between the non-smoking group and the smoking group suggest that non-smoking LAC should be recognized as a separate group. 1, 2, 24 To explore reliable biomarkers of the non-smoking LAC, we identified 2 coexpression networks by the WGCNA and built a prognostic signature to predict the survival.
WGCNA is a promising approach to identify hub genes related to clinical features and mine significant gene coexpression networks. Zhang et al revealed a unique 22 carbon-metabolism gene expression signature in hepatocellular carcinoma (HCC), which might provide new therapeutic targets for HCC treatment. 25 Another study built a prognostic signature to predict the survival of gastric cancer by WGCNA. 26 In the discovery phase, we identified 2 significant co-expression networks related to the non-smoking status by the WGCNA across 4 datasets. The blue module positively correlated with the non-smoking status with the highest P-value. GO annotation analysis revealed that genes in the Response to interferon-gamma blue module were mainly enriched in the nuclear division and cell cycle pathways, indicating that aberrant nuclear division and dysregulated cell cycle might play critical roles in progression of non-smoking LAC. Wu et al's study found that a differentially regulated gene module was enriched for cell cycle related genes, which played a role in the molecular differences between the smoking and the non-smoking LAC. 27 Zhang et al reported that MID1-PP2A complex plays an important role in cell cycle arrest among non-smoking LAC patients. 28 In addition, Chen et al found that AhR modulated NFkB activity and up-regulated the interleukin-6 expression, which promoted lung carcinogenesis in non-smokers. 29 Our results were consistent with theirs. Another significant module that correlated with the non-smoking status was defined as turquoise. Compared with the blue module, the turquoise module negatively correlated with the non-smoking status. GO biological pathways demonstrated that genes of the turquoise module were enriched in the lymphocyte activation 
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Mao et al and cell adhesion pathways. These results were consistent with the previous studies. 30 Peng et al's study indicated that several genes affect the prognosis of LAC patients through regulating cell cycle and cell adhesion. 31 Another study found that different active T cells promoted the progression of non-smoking LAC by creating an immunosuppressive microenvironment, 32 which supported our findings. Due to heterogeneity of expression profiles, hub genes of different datasets were not absolutely accordant. However, several significant hub genes were shared by 4 different datasets, and some of them were reported by published studies. Based on previous studies, DLGAP5 was identified as a promising diagnostic and prognostic biomarker in lung cancer. 33 In addition, integrated genome-scale co-expression network revealed that DLGAP5 played a crucial role in cell cycle progression of LAC, which was consistent with our analysis. 34 And our analysis further pointed out that high expression of DLGAP5 showed poor survival for the nonsmoking LAC. In addition, TPX2 was defined as a prognostic biomarker for lung cancer and engaged in cell division and cell cycle pathways according to published studies. 35 Our analysis further reinforced the important roles of TPX2 in the non-smoking LAC. Published studies indicated that epigenetic deregulation of TCF21 inhibited malignant behavior of lung cancer. 36 Existing evidence demonstrated that LDB2 engaged in the epithelial-mesenchymal transition (EMT) and the cell adhesion pathways. 37 Our analysis highlighted LDB2 as a prognostic biomarker and potential therapeutic target for non-smoking LAC. However, several novel targets, like COL1A2 and CDH5, have not been well reported by previous studies. Further studies are needed to identify the mechanisms of these genes.
The prognostic signature was defined by combining several transcriptome profiles from non-smoking samples in GEO datasets and TCGA. The multiple datasets and analysis method avoided the biases from batch effect and platform. 38 The Cox penalized regression model was used to identify prognostic genes and corresponding coefficients. The predictive ability of prognostic signature was moderate in the training dataset, but it was good in 1 testing dataset, indicating excellent generalization of the prognostic signature. Survival analysis showed that significant distinction between the highrisk and low-risk groups in 2 testing datasets, which implied that the signature was a feasible tool to stratify high-risk non-smoking LAC patients.
Increasing studies have proposed the prognostic signatures for survival prediction of LAC. The first RNA-seq 
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a prognostic signature for non-smoking lung adenocarcinoma prognostic signature for LAC was proposed by Shukla et al, which provided a powerful prognostic tool for precision oncology. 39 In addition, the prognostic predictor based on alternative splicing events uncovered prognostic effect of the splicing networks in LAC. 40 A recent study reported that a P53-deficiency gene signature could predict recurrence risk of patients with early-stage LAC. 41 However, few predicted the survival of non-smoking LAC patients. This was the first study to develop a prognostic signature based on 17 non-smoking related genes for survival of non-smoking LAC. The prognostic signature was tested in 2 independent datasets from different demographics to guarantee the generalization. In addition, our signature could stratify patients into the high-risk group and the low-risk group with different Abbreviations: egFR, epidermal growth factor receptor; hR, hazard ratio; KRas, Kirsten ras; laC, lung adenocarcinoma; TgCa, The Cancer genome atlas. 
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survival outcomes. Compared with previous biomarkers, our model first leveraged the molecular biomarkers from coexpression networks by the WGCNA to accurately estimate the survival of the non-smoking LAC, which might aid to guide the therapeutic management. The current study had several limitations. First, we did not test the expression of hub genes and performance of prognostic signature by our own samples. Second, we only used expression profiles in our signature. However, combining meta-omics biomarkers into signature would further improve the predictive ability. 42 Furthermore, the role of hub genes should be explored by further experimental procedures, which might reinforce the significance and robustness of this analysis.
In this study, we highlighted 2 gene modules related to non-smoking LAC and built a prognostic signature, which provide the novel compendium of biomarkers and guide the therapy in the non-smoking LAC.
